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A GLMM models was built to study the association between LPM closure measures and the daily 153 incidence rate (DIR) of H7N9 human cases, by contrasting counties with no measures, counties 154 with measures but before they were taken, and counties with measures and increasing levels of 155 closing days. The GLMM models with the closing status were always more explanatory than 156 intercept-only models based on Akaike information criterion (AIC), and the results of the counties with different levels of closing measures were significantly lower than the DIR computed 160 in the same counties before the closure(s) (Before C). The DIR computed for counties which did (poultry density, chicken to duck ratio) and water bird habitat (distance to water, proportion of water 174 in the county) predictor variables. Table 1 presents the relative contribution (RC, a measure of the 175 importance of predictor variables in the BRT models, which quantifies the weighted proportion of 176 use of the variables in the trees) of the different predictor variable of the BRT models in the 177 different epidemic waves. It can first be noted that the RC of anthropogenic predictor variables 178 were generally high (w1 = 40.61%; w2 = 50.12%; w3 = 39.26%; w4 = 17.61%; w5 = 17.94%) but 179 decreased strongly after the third epidemic wave. In parallel, the RC of poultry predictors increased 180 and was greatest in the last epidemic wave (w1 = 10.47%; w2 = 5.83%; w3 = 2.64%; w4 = 28.54%; 181 w5 = 41.83%). In this last epidemic wave, the most important predictor variables were by 182 decreasing order of RC the Chicken to Duck ratio (27.28%), the LPM density (16.04%), the poultry 183 density (14.55%) and the distance to open lakes and reservoirs (6.16%). Fig. 3 presents the BRT 184 profiles of these four predictor variables in the different epidemic waves (the other profiles are 185 provided as supplementary information Fig. 2 ). The chicken to duck ratio had a significant RC only 186 in waves 4 and 5, when it showed a positive association with incidence up to a ratio of 187 approximately 30. The LPM density profile of wave 5 also showed a positive association with the LPM density, levelling-off at a density of 0.01, and with a relatively similar profile to the other 189 epidemic waves. The 5 th wave tended to associate lower incidence with the highest densities (> 190 0.03), in contrast to previous epidemic waves. The poultry density profile changed gradually over 191 time, with an increasing RC, and the incidence rate in wave 5 is predicted to increase strongly in 192 counties with a very high density of poultry (> 60,000 heads/km²). Finally, the profile of the distance 193 to lakes showed a decreasing association, which in the range 0 -100 km.
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The assessment of the BRT models goodness of fit is presented in Table 2 , and with the exception 195 of the 4 th epidemic waves, the predictability of the models were moderate with cross-validation 196 correlation coefficients within a range from 0.42 to 0.55. In presence/absence term, the models had 197 a good discriminatory capacity with AUC ranging from 0.78 to 0.92 but this decreased over the 198 years (w1 = 0.92; w2 = 0.85; w3 = 0.83; w4 = 0.86; w5 = 0.78). This difference in predictability 199 highlights that it is apparently easier to predict the presence or absence of a human case than it is 200 their number. Epidemic wave 4 was quite specific, longer in time but of lower intensity with a lower 201 total number of human cases than during the other waves, which may explain the lower 202 predictability. The evaluation of the temporal extrapolation capacity of the different models is 203 presented in Table 3 . The AUC metrics decrease when a prediction of a given wave is tested for its 204 ability to predict the presence of H7N9 human cases in the following years and AUC values never Wuxi, Suzhou and Shanghai and includes several small hotspots of high poultry production in a 214 large area that surrounds the Taihu Lake. Second, the RGB composite plots highlight three highlighted in the RGB maps visually correspond to areas of high H7N9 re-occurrence displayed in 218 Fig. 4b . Indeed, the count of number of years with at least one human case helps to visualise the 219 distinction between counties with repeated reoccurrences from counties with sporadic infections.
220
These areas include southern Jiangsu, Shanghai and northern Zhejiang provinces, as well as 221 Guangdong counties located around Hong Kong but to a lesser degree than the areas in and 222 around Shanghai. Fig. 4c highlights that the spatial pattern of wave 5 showed a marked geographic 223 expansion from these previous hotspots of persistence, with a 90 counties reporting H7N9 for the 224 first time (50.85% of the total number of counties infected in wave 5). One can also measure why 225 live-poultry density was a lower predictor in wave 5 than in previous waves, as these newly 226 infected counties do not match green areas depicted in Fig. 4a .
227
The heat maps presented in Fig 
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The precise role of the gain in pathogenicity on the range expansion of H7N9 is yet unclear, as of 259 the main mechanisms of transmission along the poultry production and value chain networks.
260
However, the fact that such a range expansion took place in parallel to the emergence of a highly 261 pathogenic variant can hardly be coincidental.
262
It should be borne in mind that the measure of predictor weights in the model is relative, i.e. the 263 sum of relative contribution equals to 1, so if poultry variables become better predictors of H7N9 264 incidence in human, the RC of other variable would decrease, even if their effect on the predicted 265 incidence remained fairly constant. This seems to be the case for the LPM variable, as the BRT 266 profiles remained fairly stable, suggesting that the role of LPMs in the transmission may have 267 remained important, and adding up with the increasing contribution of the poultry predictors to lead 268 to the highest incidence observed in the 5 th wave. In other words, the contribution of LPMs may 269 have remained high, but its combination with increasing transmission along the poultry production 270 and value chains may be responsible for the geographical range expansion and higher incidence 271 of the 5 th wave.
272
Although some of the highest incidences were observed along Taihu Lake, the predictive capacity 273 of water bird-related predictor variables appeared to have a much lower influence on the predicted 274 incidence than anthropogenic and poultry variables. Wetlands constitute favourable ecosystems for the emergence of new avian influenza viruses, especially when intensive poultry farming is taking 
283
The predictive capacity of the incidence models was only moderate, and this can naturally be 284 explained by the fact that these spatial models didn't account for the variability in incidence linked 285 to market closure measures. This is confirmed by the fact that the predictions of presence/absence 286 were generally better, because presence cannot be influenced by market closure measures (as 287 they followed human cases rather than preceding them), and few counties implemented market 
303
Preventing human infections has so far mostly relied on market closures, and our results based on 304 the 5 waves tend confirm the efficiency of the reduction reported in previous studies. For example,
305
(2014) showed that the closure of LPM reduced the mean daily number of infections by a factor 306 ranging between 97% and 99% during the first epidemic wave in 4 cities of central-eastern part of 
343
The current range expansion of H7N9 to more northerly latitudes may increase the chances of 
412
at the county level, there was a very high correlation between duck and chicken density. So in 413 order to reduce collinearity and make the results more easily interpretable, we built two alternative 414 predictor variables: the poultry density (chicken + duck heads / km 2 ) and the chicken to duck ratio 415 (chicken heads / duck heads), which were found to be much more independent.
416
The last set of predictors dealing with water bird habitat included two variables. First, the distance 417 to the largest lakes and reservoirs (km), which represents the distance between the county 418 centroids and the nearest lakes (area ≥ 50 km²) or reservoirs (storage capacity ≥ 0.5 km³) (Lehner from the hybrid wetland map for China (Ma et al. 2012 ).
421
Climatic data were not tested in this analysis, for a number of reasons. First, the mechanism by 422 which they may influence human cases is unclear. For example, influenza A human infections 423 generally peak in January-February in Northern China, and in April to June in the southernmost 424 regions (Yu, Alonso, et al. 2013 ), which does not fit the peak of H7N9 cases in southern China.
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Seasonality of H7N9 poultry infections is unknown, but apparent for avian influenza poultry 
434
The five H7N9 epidemic waves had different durations and starting dates. So, in order to make the 435 estimates of incidence comparable, the use of a similar epidemic start and end date for all waves 436 was not justified. Using an epidemic period determined by the first and last case would also be 437 somewhat misleading because the difference between the minimum and maximum is a very 438 sensitive indicator of a distribution spread. So, the duration of each epidemic was set as the period 439 separating the 5 th from the 95 th percentiles of the days of onset of illness in each wave.
441
Our first set of analyses focused on the impact of LPM closure on incidence. Daily incidence rates 442 (DIRs) were computed and compared at county level before and after different sets of measures 
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The presence of spatial autocorrelation in the model residuals was tested using spline 
493
In order to test the capacity of the models to discriminate between the presence and the absence 494 of human cases at county scale, the predicted incidence rate was also converted into a probability 495 of having at least one human case in the county. As the population per county (n) was high and the 496 mean probability of having a H7N9 human cases (p) is very low: B(n, p) ~ P(n*p). Therefore, the 497 probability of having at least one human case per county was estimated with a Binomial distribution 498 as following:
where nd is the population times the number of days in the epidemic duration; and p is the 501 incidence rate predicted by the Poisson BRT model.
502
Finally, we also wanted to evaluate the temporal extrapolation capacity of the BRT models, and 
